Abstract: Fetal Electrocardiogram (FECG) signal, non-invasively taken from the
Introduction
Heart defects are being the most common birth defects and the leading cause of sudden prenatal death. [1] , [2] .The cardiac defect may be very slight so that the baby appears healthy and normal for many years after birth, but suddenly becomes so severe due to that its life is in immediate danger. Congenital heart defects originate when the heart is forming and they can affect any of the parts or functions of the heart. Cardiac anomalies may occur due to a inherited disorder, genetic syndrome, or environmental factors such as infections or misuse of drug during pregnancy [4] , [1] . Every year one out of 125 babies are born with some kind of congenital heart defects [3] . FECG carries vital information about the cardiac function of fetus. The characteristics of the fetal electrocardiogram (FECG),such as heart rate, waveform, and dynamic behavior, are important in determining the fetal life, fetal development, fetal maturity, and existence of fetal distress or congenital heart disease.Fetal electrocardiography has proved an effective tool for imaging specific structural defects only at the time of labor not during pregnancy because FECG [5] is contaminated by fetal brain activity,myographic (muscle) signals (from both the mother and fetus), movement artifacts and multiple layers of different dielectric biological media through which the electrical signals must pass. Fetal monitoring is based entirely on the fetal heart rate and does not incorporate characteristics of the fetal ECG (fECG) waveform that are the cornerstone of cardiac evaluation. The main reason for this is there is no available technology to reliably measure fECG. Most of the heart defects have some manifestation in their morphology, which is believed to contain much more information as compared with other conventional methods [6] . Most of the clinically useful information in the FECG signal is found in the amplitude and duration of its waveforms [7] . Fetal cardiac waveform helps physicians to diagnose fetal heart arrhythmia such as Bradycardia, Tachycardia, Asphyxia and Hypoxia. It has long been recognized that persistent of fetal tachyarrhythmia and bradyarrhythmia may also lead to the evolution of heart failure [8] [9] [10] [11] [12] and may be associated with neurological injury [13] , [14] .
II. Methods
There are many methods for extracting FECG from AECG such as Adaptive filtering [15] - [20] , wavelet Transform [30] - [41] , soft computing tools [42] - [57] like Adaptive neural network, Genetic Algorithm, Adaptive Neuro Fuzzy Inference System, Support Vector Machine [58] - [74] , Independent component Analysis [75] - [85] , etc.
2.1.Adaptive Filtering
An adaptive filter is a filter that self-adjusts its transfer function according to an optimization algorithm driven by an error signal.
The composite input signal is represented as
Where v(n) is signal of interest. m(n) is major mater interference overlapped with the signal of interest.
Adaptive noise canceller shown in Fig [1] requires a secondary input also known as reference input r(n) that should be uncorrelated with signal of interest and closely correlated with the interference. Adaptive filter learns and adapts the characteristics of reference signal and modifies it exactly similar to the influencing interference y(n).
Fig:1 Adaptive noise canceller
Assume that v(n), m(n), r(n), y(n) are stationary and have zero means. e(n) = x(n) -y(n)
= v(n) + m(n) -y(n) y(n) = ~m(n) is the estimate of the primary noise obtained at the output of the adaptive filter. Taking the square and expectation(statistical average)
Since m(n) and y(n) are uncorrelated with v(n)
Minimizing the total output power minimizes the output noise power and maximizes the output SNR.
Different types of adaptive filters have been used for fetal and maternal signal separation. These methods use one or more reference maternal signals [15] - [29] for training an adaptive or matched filter, or directly training the filter without reference signal [19] , [20] for extracting the fetal QRS waves. Ad hoc filters such as least square error fittings [21] and partition-based weighted sum filters [22] have also been used for FECG extraction. The kalman filter, a general class of adaptive filter used in [23] - [26] uses only an arbitrary MECG as reference for MECG cancellation and FECG extraction.
In [23] and [27] , a set of state-space equations was used to model the temporal dynamics of ECG signals, for designing a Bayesian filter for ECG denoising. This Bayesian filter framework was used in [23] to extract fECG from single channel mixture of mECG and fECG. However, as mentioned in [23] , the filter fails to discriminate between the maternal and fetal components when the mECG and fECG waves fully overlap in time. The reason is that when mECG is being estimated, fECG and other components are supposed to be Gaussian noises.However, this assumption is not true, especially when mECG and fECG waves fully overlap in time it is difficult for the filter to follow desired ECG.
An improved method proposed in [28] uses multistage adaptive filtering for FECG extraction in which MECG cancellation has been done by considering thoracic ECG as reference signal also denoising methods were used to improve the quality of extracted signal.A linear adaptive filter [29] was used to extract the FECG by considering abdominal ECG as primary inputs where as thoracic ECG taken from maternal chest as reference inputs. Though this method provides a solution it fails to extract when maternal and fetal signals are overlapped each other. So it is not best for clinical practice.
Wavelet Transform
The Wavelet Transform is a time-scale representation also best tool for analyzing non-stationary signals. Wavelet transform of a signal is defined as where (ο) = convolution operation, ψ (t )= basis function (called mother wavelet) s = scale factor.
x(t)= input signal
Wavelet technique was applied in [30] to detect the presence of distorted MECG signal and then MECG component has eliminated from the composite signal. Sometimes even after the elimination of MECG, FECG observation was still complicated and challenging because the wavelet analysis could enhance FECG signal alone. It also detects the singularity of signal either in time or frequency domain. The method developed in [31] uses wavelet analysis and pattern matching, in which at preprocessing stage low and high frequency noises in the AECG signal was suppressed based on optimal wavelet multi resolution decomposition and then maternal QRS complexes were cancelled by means of pattern matching and template subtraction. Then by applying a QRS detection algorithm, fetal QRS complexes were identified.
FECG was separated and monitored in [32] by calculating lipschitz exponent. This method fails to locate the FECG, if it was obscured by the MECG, which continues more than 2 times in a 10-s period that may be a main drawback of this method. Also there is a need to set the thresholds on the wavelet co-efficients dynamically due to the existence of more noise content because of uterine contraction. Wavelet transform based approach proposed in [33] efficiently eliminates transient spikes and reduces both Gaussian and colored noise without affecting or destroying the information content of the signal. Noise components were detected by analyzing the evolution of the WT modulus maxima across scales. Multi-scale maxima that correspond to noise components were eliminated then de-noised fetal signal was reconstructed by taking inverse WT.Wavelet based multi resolution analysis(MRA) has developed in [34] to remove the base line wander and the other existing noises, Daubechies 20 wavelet function with 12 levels of decomposition was performed on the raw ECG data. Noise conponents were eliminated by thresholding the wavelet co-efficient at each level.
Complex continuous wavelet transform (CCWT) based technique has implemented in [35] along with modulus maxima theory to detect fetal QRS complexes from multi channel MECG recordings. CCWT was used to identify stationary sections and to locate as well as characterize singularities.In [36] similar type of technique was proposed where fetal phono cardio signals were detected and denoised. This method improved the signal to noise ratio, and estimated FHR variation under very weak signal environment. In [37] ,FHR extraction from composite AECG signal has been done based on time frequency analysis, procedure composed of three stages. In the first stage maternal QRS complexes were eliminated by detecting maternal R-peaks and fiducial points using time-frequency analysis.At the second stage fetal R peaks were located using complex wavelets and pattern matching techniques,finally based on histogram technique overlapped fetal R peaks were detected at the third stage.Combination of Wavelet and ICA,called WICA technique proposed in [38] used each row data into an n-dimensional orthogonal basis.The extended-INFOMAX is a learning rule which was used to compute the demixing matrix. By this algorithm the independent components (ICs) were extracted and the ICs accounting for FECG was selected. Using WICA method FHR was detected and the Q, R, and S waves were visible without any signal amplification.
An algorithm proposed in [39] to design a new mother wavelet (MW) called abdominal ECG mother wavelet(AECG MW) for extraction of fetal ECG. Unlike other MWs which were used in extraction of fetal ECG, this newly proposed MW was designed to have a shape similar to AECG. To design such an MW, at least eight Gaussians should be used to model the 4 peaks in QRST of MECG and 4 peaks in QRST of FECG.A way for detecting QRS complex based on dyadic wavelet transform (D WT y ) has represented in [40] . They have designed a Spline wavelet for detecting QRS complex which was the transient part in the ECG signal.Here detection process was based on "the property that the absolute value of D WT y has localized maxima across several consecutive scales at the instant of the occurrence of transient." In this case, for each scale they found the local maxima of the absolute value of dyadic wavelet transform by using threshold method,the position of each local maxima was considered to be the location of a QRS complex. They have computed the heart rate by calculating the inverse of the time interval between two consecutive R waves.Real time fetal electrocardiogram (FECG) feature extraction system was developed in [41] based on multi-scale discrete wavelet transform (DWT). Wavelet based peak detection detects QRS complex more accurately for identifying peaks and valleys of noisy FECG signal. Two channel perfect reconstruction (PR) filter banks were used to implement the efficient way discrete wavelet transform.
Artificial Intelligence Techniques
ANFIS is a soft computing tool to estimate the non-linear transformations. To represents the ANFIS architecture, two-fuzzyRules are considered based on a first-order Sugeno model, Rule 1: if (x is A1) and (y is B1), then (f2=p1x+q1y+r1) Rule 2: if (x is A2) and (y is B2), then (f2=p2x+q2y+r2)
Fig:2 Adaptive neuro Fuzzy inference system
One possible ANFIS architecture to implement these two rules is shown in Fig. 2 .in which fixed node is represented by circle whereas an adaptive node is indicated by square (the parameters can be changed during the process of training).Each layer has its own computation. The ANFIS architecture is not unique. Some layers can be combined to produce the same output.
In [42] ,back propagation network and the SOM network were used to categorize the FHR patterns.A new method for FHR baseline determination using ANNS was proposed in [43] . Two methods namely baseline estimation and baseline classification with multi layer perception artificial neural networks were applied on AECG data. Results obtained by these approaches were compared based on their practical application. In [44] a method was implemented with neural and fuzzy classifiers to differentiate the normal and pathological fetal states also to improve the diagnostic information contained in CTG signals.In [45] neural network real time recurrent learning algorithm was applied for training which converges faster to a lower mean squared error and also it is well suitable for real-time processing.In [46] FIR neural network was used for FECG extraction, in order to provide highly nonlinear dynamic capabilities. In this method thoracic maternal signal was considered as a reference signal, doesn't have fetal contributions and the desired signal was composite abdominal ECG signal. Though in [47] many reference signals had taken into consideration, the proposed method has considered only one thoracic signal.
In [48] adaptive linear neural network based FECG extraction method was proposed which trained the input composite AECG signal to vanish out the maternal signal therefore fetal ECG signal was isolated. Fetal heart is so small when compared with the maternal heart so the electrical activity produced by fetal heart is much weaker than the maternal due to its domination nature, MECG can be estimated easily then subtracted from the AECG, to get FECG. When compared to the conventional filtering techniques this produce better result because instead of elimination subtraction was used. In [49] signal processing tools and neural networks were used to develop an automated technique to detect the FHR pattern of baseline, acceleration and deceleration. However, ANN based FECG extraction methods have advantages also drawbacks, such as non-convex quadric minimization, which may result in multiple minima and the risk of over fitting [50] .
A new method described in [51] using ADALINE for FECG extraction which emulates maternal signal as closely as possible to abdominal signal, thus only predict the maternal ECG in the abdominal ECG. The network error equals abdominal ECG minus maternal ECG, which is the fetal ECG. The characteristic that enables fetal extraction is due to the correlation between maternal ECG signals and the abdominal ECG signal of pregnant woman.A method described in [52] combines ANFIS and genetic Algorithm to extract FECG, Here ANFIS has been used to determine the non linear transformation (MECG).FECG is extracted by Subtracting the aligned version of the determined MECG signal from the abdominal ECG (AECG) signal.
In [53] an adaptive method was described to extract FECG by using adaptive linear neural network (ADALINE) for easy fetal monitoring in which learning rate, momentum and initial weights were adjusted until the network error equals fetal ECG.This method performed well with high learning rate and low momentum and small initial weights.The method proposed in [54] uses Adaptive Nero-Fuzzy Inference System (ANFIS) structure to identify the nonlinear transformation,here the maternal component of the abdominal ECG is a nonlinearly transformed version of MECG.Particle Swarm Optimization (PSO)also considered as a new tool for training the ANFIS structure. By identifying the nonlinear transformation, FECG was extracted by subtracting the aligned version of the MECG signal from the abdominal ECG (AECG) signal.
In [55] Genetic Algorithm (GA) acts as a tool for training the ANFIS structure,which identifies the non-linear transformation. By identifying the nonlinear transformation, FECG extraction is done by subtracting the aligned version of the MECG signal from the abdominal ECG (AECG) signal. In [56] adaptive neuro-fuzzy inference system (ANFIS) for Fetal Electrocardiogram extraction was presented.ANFIS is used to nonlinearly align the maternal ECG signal with the components of maternal ECG in the abdominal ECG signal. Hence identified maternal components were cancelled from the abdominal ECG signal and finally Fetal ECG signal was extracted.
In [57] , an adaptive neuro-fuzzy logic method has proposed for FECG extraction and MECG cancellation. Rather than using conventional filtering techniques, adaptive filter was used for noise cancellation in the proposed technique, because it is a self adjusting filter, can change according to the environment and also when the signal was passed through a filter it suppress the nose and the signal remains unchanged while leaving the filter. Also this filter does not require a prior knowledge of signal or noise characteristics.
SVD, ICA And Blind Source Seperation
Recently, Support Vector Machines (SVM) developed by Vapnik, have gained popularity due to many attractive features capable of overcoming the limitations compared to the ANN. This is due to the Structural Risk Minimization (SRM) principle embodied by the SVM, which has been demonstrated to be more effective than the traditional Empirical Risk Minimization (ERM) principle exploited by the ANN. Based on the SRM principle, the SVM possesses the advantage to control the model's complexity and generalization ability [58] - [60] . Thus the SVM are the very methods to deal with problems with limited samples and large dimensions better than the conventional machine-learning methods like the ANN. To avoid the main drawback of standard SVM, which is high computational complexity, Least Squares SVM (LS-SVM) was introduced by Suykens [61] .
The LS-SVM is algorithmically more effective, because the solution uses equality constraints instead of inequality constraints and a least squares error term in order to obtain a linear set of equations in the dual space. But the traditional LSSVM is not suitable to model time-varying systems for its offline learning principle. The Online LS-SVM (OLS-SVM) [62] has showed encouraging promise for the ability of online adjusts the model parameters of time-varying systems. In [63] SVD based method for fetal ECG extraction has been proposed . Here this method performs singular value decomposition and based on the singular value ratio spectrum analysis FECG extraction has been done. SV decomposed modes of the appropriately configured data matrices identifies MECG components, which were eliminated to obtain FECG, through selective separation of the SV decomposed components. This method does not require any reference signal therefore it is computationally well efficient and robust.
Independent component analysis, also known as blind source separation, [64] is an interesting tool for the extraction of the antepartum fetal electrocardiogram from multi lead cutaneous potential recordings. This is nonparametric and is not based on pattern averaging, which could hamper the detection and analysis of atypical fetal heartbeats. Data-driven decomposition methods or spatial filtering techniques such as singular value decomposition (SVD) [65] - [68] , Blind and semi blind source separation [69] , construct basis functions from the data by maximizing some statistical measure of signal separation spatial filtering has an advantage over conventional adaptive filters because they can also extract the maternal and fetal complexes with temporal overlap.
Different types of blind and semi-blind source separation methods have been used for FECG signal separation normally these methods are based on the assumption of independent subspaces for the maternal and fetal signals, or the existence of some temporal structure for the fetal signals [70] - [72] . Blind Source separation methods can also be combined with wavelet decomposition methods [73] , [74] for denoising and extracting FECG from composite abdominal ECG signal. These methods have an implicit assumption that both the signals and noises are mixed in a linear stationary manner which was considered as a main drawback, because the stationary mixing is often not a good approximation.
In [75] MICA based approach extraction method has presented which was more appropriate than ICA in fetal ECG extraction. The architecture of the proposed method includes preprocessing block, MECG estimation and post processing block. Here the preprocessing aimed to remove the baseline wander, EMG noise, power line interference by using FIR band pass filter and notch filter. The filter described in [76] , [77] generated a synthetic MECG which tackled over the problem of MECG estimation.Estimated maternal signals were subtracted from AECG, however this approach fails when fetal ECG is weaker than the residual noise.
In [78] a fast and simple algorithm was developed based on ICA but computationally demanding calculations were substituted for making it simplex in FECG extraction. This approach consists of two steps. Initially dimensionality reduction is carried out followed by light post processing stage used to enhance the FECG signal. This algorithm is effective for the design of battery powered devices. In [79] , a method was employed with the combination of singular value decomposition (SVD) and ICA for FECG signal separation from AECG. This method uses SVD of the spectrogram followed by an iterative application of ICA. In [79] - [82] , ICA based BSS methods were used for extracting FECG, which showed that reconstruction of FECG could be possible by means of higher -order statistical tools.ICA based method for FECG extraction and MECG cancellation proposed in [83] , worked efficiently even in SNR=-200 db using simulated data without quantification noise, similarly the performance was decreased in the existence of quantification.
A method presented in [84] based on non-stationary ICA and wavelet de-noising. Due to low amplitude and poor signal to noise ratio (SNR) of the fetal ECG recorded at the abdominal region of a pregnant woman, the proposed algorithm removed the maternal ECG, reduced motion artifact and enhanced fetal ECG signal. Here due to the non-stationary nature of the fetal ECG signal, non-stationary ICA method was used to eliminate maternal complex then wavelet transform was used to remove baseline wander.In [85] a semi blind source separation algorithm has been developed, which requires prior information about the auto correlation function of the primary sources to extract the fetal ECG signal. They just assumed that the primary sources have a temporal structure and different autocorrelation functions, but not they are (primary sources) statistically independent. If there was any FHR variability, prior estimation of auto correlation function may not be appropriate for FHR analysis.
Other Methods
In [86] matching pursuits (MP) method has been proposed which extracted the low frequency periodic components of the complicated FHR patterns and also examined the long term modulation characteristics of the heart rate in relation to the oxygen saturation of fetal arterial blood. MP method efficiently detects abrupt perturbations and multiple periodicities in the FHR pattern.
A two stage successive cancellation algorithm has designed in [87] that separated fetal and maternal components to estimate the FHR in two stages each stage performs based on a template matching technique. The template of the stronger source that is MECG was cancelled from the composite ECG signal prior to the initialization of the weaker sources template in the second stage. Before the classification of weaker signals, classified events of the stronger source were removed, and then intervals between the detected adjacent fetal peaks were measured.
Based on digital filtering, adaptive thresholding, statistical properties in the time domain, and differencing of local maxima and minima an algorithm has been developed in [88] to determine fetal heart rate in real-time and for long-term monitoring with single lead configuration.In [89] polynomial networks technique for extraction was presented. In order to simplify the problem, they have assumed low noise electronic amplifiers with high common mode rejection ratio and classical low pass filtering techniques to eliminate the 50Hz interference and to reduce EMG noise. Plynomial networks provide nonlinear mapping between maternal ECG and the component of maternal ECG in the abdominal signal. By aligning these two signals fetal ECG was extracted by subtracting the maternal ECG component from abdominal signal. Extraction was accomplished well in both non-overlapping and overlapping of FECG and MECG signals using this proposed technique.
In [90] extended version of linear prediction method has been used to remove maternal ECG from noninvasive fetal ECG recording. A new technique (SLP)was introduced and compared with the former technique which was Linear Prediction method (LP) by calculating the least mean square error (rms error) between the resulting FECG signals and the actual FECG signal, while the amplitude of the FECG signal is kept constant. A new non-blind method was proposed in [91] for FECG detection from multi channel abdominal recordings. This proposed sequential analysis method detected the FECG by estimating and removing the interference signals step-by-step, using a priori information about the interference signal and the signal of interest.
A three-stage methodology for the extraction of maternal and fetal heart rate using abdominal ECG leads, was presented in [92] Maternal R-peaks and fiducial points (maternal QRS onset and offset) were detected, using multiscale principal components analysis (MSPCA) and the Smoothed Nonlinear Energy Operator (SNEO) in the first stage,.Maternal fiducial points were used to eliminate the maternal QRS complexes from the abdominal ECG recordings. Again the same methods were employed to detect the fetal heart beats that do not overlap with the maternal QRSs (eliminated from the first stage). Finally histogram based technique was used for FHR detection.
In [93] , multivariate singular spectrum analysis (MSSA) method was proposed for extracting and separating the mother heart signal, and fetal heart signal and the noise components from the combined ECGs.This algorithm composed of several complementary stages. First, the maternal ECG was extracted from a noisy composite signal using multivariate SSA by having thoracic signal as reference.Using MSSA, dynamic structure between the FECG and MECG signals were captured as a hidden complement information for the extraction of the FECG signal since the SSA technique consists of the elements of multivariate statistics, multivariate geometry and dynamical systemsA novel three-stage methodology was proposed in [94] . At first, using band-pass filtering and phase space analysis maternal R-peaks and fiducial points (maternal QRS onset and offset) were identified.In the second stage, bandpass filtering and multivariate Denoising were applied to enhance the fetalQRS complexes. The phase space characteristics were employed to identify fetal heart beats not overlapping with the maternal QRSsThe extraction of the fHR was accomplished in the third stage, using a histogram-based technique in order to identify the location of the fetal heart beats that overlap with the maternal QRSs.
A new method was proposed in [95] and evaluated a novel and flexible methodology for the analysis of FHR during labor. It is based on analyzing complexity of FHR data from a collection of multiscale and adaptive near-continuous piecewise linear approximations, obtained using a fast network flow algorithm. The measure of complexity could be used for detecting fetal per partum acidosis. In [96] automated methodology was proposed for the extraction of fetal heart rate using complex wavelets, time-frequency (t-f) analysis, and matching theory. It was a three-stage methodology in which maternal R-peaks and fiducial points (QRS onset and offset) were detected at the first stage using time-frequency (t-f) analysis and medical knowledge, to eliminate the maternal QRS from the input signals. Then the positions of the candidate fetal R-peaks were located using complex wavelets and matching theory techniques. Finally the fetal R-peaks, which overlap with the maternal QRS complexes (eliminated in the first stage) were found using two approaches a heuristic algorithm technique and a histogram based technique. Fetal heart rate was calculated by counting the detected R peaks.
In [97] a simulation system was presented to compare two adaptive filters based on recursive least square (RLS) and normalized least mean square (NLMS), in their use for fetal heart rate (FHR) monitoring. The reference(thoracic ECG) and primary signals(AECG) were fed simultaneously to the inputs of the RLS and NLMS adaptive filters to extract the fetal signal.In [98] a multi-step procedure was used to estimate the fECG signal single-lead abdominal signal.Initially maternal R peak locations were detected followed which each R-R interval in the abdominal signal was resampled to have the same number of samples by changing its corresponding sampling frequency. Comb filter was applied with the harmonics of the maternal electrocardiogram (mECG) over the resampled signal.Inorder to recover its original sampling frequency, eachR-R interval in the filtered signal was resampled again so that mECG signal was obtained,and then subtracted from the abdominal signal.A lightweight algorithm, was used in [99] to extract fetal ECG with a preknowledge about its skewness. By using skewness, cost function was defined by which weight vector updated and through this fetal ECG was extracted. Foetal electrocardiogram (FECG) extraction approach based on the cyclostationary properties of the signal of interest was carried out in [100] .
ICA For Twin FECG Extraction
The algorithm proposed in [101] detects the fetal QRS complexes and converts the QRS onset series into a binary signal that is then recursively scanned to separate the contributions from the two fetuses. In [102] ,ICA based method was proposed for the separation of fetal ECG signal from magneto cardio-graphic signals in twin pregnancy. ICA used higher order statistics to decompose the input signal that is AECG, into statistical independent components. In [103] fastICA method was employed to extract twin fetal EMG from 55-channel recording.
III. Conclusion
The fetal electrocardiogram (FECG) was first demonstrated 114 years ago, initial progress of analysis in this area was limited. As improved amplifiers and filters became available, the detection of the waveform became easier, but observation of waveform morphology was complex due to the existing background noise after filtering the corrupted signal. The signal-to-noise ratio of the original FECG was increased considerably by efficient signal processing and computer techniques though the signals obtained non-invasively. In this survey paper various techniques for FECG signal extraction from the composite AECG signal were discussed, that gives up the various types of FECG signal analysis and extraction techniques so that accurate efficient methods can be applied during any clinical diagnosis, biomedical research.
